ABSTRACT Over the past decade, there has been a significant increase in research examining the various aspects of mobile game addiction diagnosis and treatment using different scales and questionnaires. The aim of this paper was to examine the frequency attributes of the EEGs (electroencephalographs) of addicted and non-addicted mobile game players to detect the early signs of game addiction using physiological parameters and to design a framework for the use of these results to alert for potential game addiction. This research comprises two parts. The first part addresses the diagnosis of mobile game addiction psycho-physiologically, and the second part consists of a design to implement the results of the proposed diagnostic tests practically to detect mobile game addiction using a wearable mobile addiction sensing system. The comprehensive scale for assessing game behavior manual from 2010 was used to record the basic demographic information and pre-categorization regarding the game addiction. Temporal and frequency domain analysis were applied to the electroencephalographic data from all the subjects to acquire quantitative information to identify mobile game players with addiction. Finally, logistic regression modeling was employed to quantify the parameters that can be used as decision variables to identify the subject's category. The overall trend in alpha and theta frequencies was observed to be dominant and distinctive compared with the other frequencies in the occipital region of subjects with addiction. This paper reveals that the parameterization of EEG signals from the occipital region can provide evidential proof to identify mobile game addicts.
I. INTRODUCTION
Empirical and psychological research studies have recently highlighted the need to pay closer attention to the widespread popularity and prevalence of video game playing, to an almost pathological extent. The American Psychiatric Association in 2013 announced Internet gaming disorder as a tentative disorder in the fifth edition of the Diagnostic and Statistical Manual of Mental Disorders. A subset of behavioral addiction components including ''salience, mood modification, tolerance, withdrawal, conflict and relapse'' were characterized for video game addiction [1] - [3] . Entertainment and leisure are the main motives for video game playing and related addictive behaviors [4] . More research is now focused on the neuroimaging and physiology of game addiction compared to traditional self-reports and clinical research [5] . To understand the specific regions of the brain involved in the development and maintenance cycle of addiction and to better treat them, a variety of diverse approaches are required [6] .
Game playing is part of modern culture rather than simply an addictive product. Game playing is not necessarily a detrimental activity and actually enhances the cognitive, motivational, emotional and social abilities of a person and fosters some real world benefits [7] . Contrary to conventional beliefs that video games promote lazy and sedentary behavior, they actually promote a wide range of cognitive skills. Preliminary research has also revealed quantifiable improvements in neural processing efficiency by playing some specific types of games [7] . In addition to these, other benefits of playing games include improved problem solving skills [8] ; improved creativity [9] ; high levels of motivation and optimistic behavior toward facing failures, triggering of positive emotional experiences [10] ; distraction from pain in patients undergoing prolonged invasive cancer treatments; psychotherapeutic effects in children; and physical therapy and rehabilitation uses in patients following trauma or other injuries [11] .
The amusement factor of game playing is differentiated from addiction by the psychological term ''flow'', which is a state described as a ''state of optimal experience and inherent motivation'' and often ''the most enjoyable part'' of life and is considered as very important factor for refreshing and enhancing brain activity [12] , [13] . Nine characteristics of ''flow'' include ''a balance between challenges and skills, clear goals, immediate feedback, intense concentration, merging of action and awareness, loss of selfconsciousness, a sense of control, time distortion and experience the activity as intrinsically rewarding'' [14] . Flow helps not only in relaxing the brain but also in improving brain functionality and concentration during work. Flow is an enjoyable positive factor, but excessive game playing may lead to a more negative aspect called ''addiction'' that causes dependency and may ultimately be characterized as a disease. Therefore, these two terms are related to game playing and need to be distinctively understood in order to define the level or intensity of game playing [15] , [16] .
Some negative psychosocial and psychological consequences of being addicted to gaming include loss of time at work; less attention to education leading to lower academic achievements and interests; ignoring close relations, family members and friends; decrease in rest and sleep; depression; ignoring life goals; increasing loneliness; aggressive behavior; maladaptive cognition; inattention; and suicidal thoughts [17] , [18] .
Behavioral addiction is a behavioral pattern that emerges through dynamic interactions of various variables operating both within the individual and his or her environment [19] . Current research aims to determine both the psychological and physiological aspects of addiction [20] . It is very important to diagnose game addiction and to allow the benefits of being in a state of ''flow'' while avoiding the state of addiction.
Neuroimaging studies have an edge over traditional survey-based studies and behavioral research because a particular area of the brain that is specifically involved in addiction may be targeted [21] . Recently, advanced multichannel EEG technology is available but the number of electrodes and electrode placement varies depending upon the area of interest. Findings from MRI (magnetic resonance imaging), fMRI (functional magnetic resonance imaging), and EEG (electroencephalography) studies [22] - [27] have shown that the occipital, parietal and frontal lobes are involved in game addiction. Based on past empirical studies and a comprehensive literature review, an experiment was designed for this study to concentrate on the occipital, frontal and parietal regions of the brain for data acquisition. Earlier human electrophysiological studies on behavior addiction are relatively uncommon and varied in their approaches, conditions of experimentation, paradigms, and self-discipline status of the subjects.
However, there is still a lack of systematic integration of these factors and approaches. Rehabilitation and treatment of any addiction requires a complete understanding of the changes involved as a part of addiction process. Currently there are no formal physiological diagnostic criteria that characterize excessive or addictive video game playing. There are several studies that address problematic mobile phone use (specifically for game purposes); however, these studies lacked a standardized scale [28] - [30] . With regard to obtaining objective data, neuroimaging studies have an edge over traditional survey-based studies and behavioral research by highlighting problem regions and underlying causes exactly to define more appropriate treatment [21] .
In recent years, video games have gained popularity for domestic home and workplace use, as well as at a commercial level in the form of game cafes. Very little attention is given to the use of this medium for beneficial purposes in terms of health and education, rather than just for entertainment that can lead to addiction. Like other current technological developments, it can be used with limits to enhance productivity for mental and physical growth. The strongest point that supports video game use is that through behavior and cognition, video games may prove to be a strong medium to help develop amateur minds in terms of creativity, cognition and thought process. There is a need for multidisciplinary research involving the contributions of psychologists, engineers and game designers to work together to develop an innovative approach to carefully enhance and promote games for productivity, creativity, cognition, self-control, and sportsmanship, in addition to entertainment.
There are several methodological constraints in gaming research to date, one of the most important being that the majority of research depends on survey assessments. Self-reporting techniques and retrospective assessments rely exclusively on the data limits and the reliability of selfdescription of an individual's feelings and moods. There is a need for more diverse and multimethod techniques in which objective observations of gaming behavior are made to associate this behavior with real, immediate and long-term effects. This also requires incorporating psycho-physiological assessments to identify emotional, cognitive, and neural changes in a better and more reliable way to investigate the effects of excessive video game playing.
II. MATERIALS AND METHODS

A. EXPERIMENTAL SETUP
The EEG data from 25 healthy subjects were recorded using BIOPAC MP 150 (BIOPAC System Inc., USA) equipment with AcqKnowledge data acquisition software. The mean age and the standard deviation of the age of the subjects were 28.82 years and 1.41 years, respectively. All subjects were right-handed with normal or corrected-to-normal vision. They were instructed on the details of the experiment and were particularly required to avoid any caffeine or heavy meals before the experiment. All subjects signed a written consent form before participating in the experiment. All the experimental conditions were in accordance with IRB (International Review Board) guidelines.
The study was conducted in two parts. First, a preassessment based on the Comprehensive Scale for Assessing Game Behavior (CSG) Manual (2010) was conducted to identify any association between the indices of game addiction and other psychosocial variables. The final results of this pre-assessment were used to categorize the subjects as normal or problematic game players. The CGS manual checklist is a 42 item self-reporting questionnaire used to assess 14 factors to comprehensively diagnose problematic game use.
These measures were divided into two parts. The first part was the adaptive game use scale (AGUS) and the second part was the maladaptive game use scale (MGUS). The results were analyzed based on the diagnoses first, then separately between AGUS and MGUS, and then overall, to assign the subjects to a category of either normal or problematic game users.
These survey results suggested the participants' addiction characteristics prior to conducting the experiment. The participants were classified and balanced for age. Then, the electroencephalographic data was collected and analyzed to differentiate the addicted and non-addicted game players based on the EEG data. EEG data from each subject was collected for 12-15 minutes during mobile game playing. Signal processing and analysis were performed using Matlab 2012. EEG data were recorded from the frontal, parietal and occipital lobes at 250 Hz referenced to the earlobe using an international standard 10-20 system. The vertical EOG was recorded above and below the left eye for artefact removal. The signal was digitized at a sampling frequency of 200 Hz. Figure 1 shows the experimental setup and the sequence of steps involved in the design of experiment.
Fourier transform analysis was applied to the time domain signal to convert it into its frequency components for spectral analysis. For each subject, 25000 samples were finalized with each epoch size set at 256 Hz (28) . Ultimately, 125 seconds of data for each subject were subjected to analysis. After analysis, the design for a wearable headset was proposed based on the discriminating factors and analysis to practically utilize the results for smartphone game players.
B. SIGNAL ANALYSIS
The acquired data were processed for artefact removal, bandpass filtering, baseline correction and further analysis after finalizing the same length of data for each subject.
According to design of the experiment, EEG recordings involve subjects performing visual task. Under such conditions, EEG may be susceptible to interference from much stronger EOG signal arising from eye motion. Initially EEG is acquired through the equipment and then EOG is removed through the EOG removal channel by using blind signal separation technique using ICA process. Independent Component analysis used for removing artefacts due to eye bulb movements, short blinks, as well as slower saccadic movements by subtracting respective independent component [31] , [32] . ICA helped to statistically split the independent signals that mixed during the recording procedure. Band pass FIR (Finite Impulse Response) filter is used with cut off frequency of 0.5 Hz to 49.5Hz and the window used is Blackman with response setting of −6.1 db. Multidimensional artifacts removal technique explained by Goh et al. [33] may also improve the results and can be implemented in further studies.
Signal preprocessing involved splitting the signal into five frequency bands including alpha, beta, theta, delta and gamma. After filtering using low-pass and high-pass filters, the relative power of each frequency band was analyzed individually. The following frequency range for each band was used for analysis in this study: delta waves 0.5-3 Hz, theta waves 4-7 Hz, alpha waves 8-12 Hz, beta waves 13-29 Hz and gamma waves 30-40 Hz [34] , [35] .
The remainder of the analysis was performed using Matlab. Cross-correlation was applied on the time domain signal. T test, as well as observations from data plots and analysis of the power spectral signal in the frequency domain to identify the distinguishing features between the two categories (i.e., addicted and non-addicted). Cross-correlation was used to analyze the nonlinear EEG data, and as the successive EEG values were not completely independent, cross-correlation was applied to analyze these data [36] - [38] .
Spectral density provides a picture of frequency variations present in given function. The units of spectral density are reported as energy per unit frequency. The PSD is computed directly using the FFT method or by calculating the autocorrelation function and is widely used in analysis [34] , [39] . The power across all frequency bands of addicted and nonaddicted subjects were plotted to observe the behavior of the data. The mean and standard deviation distribution of the PSD data were also taken into consideration to interpret the results of both categories. At this stage, the independent samples t-test was used on all subjects' frequency data from the occipital region.
Logistic regression modeling was used in the final step of analysis for the diagnosis of the addiction from EEG data, as it is capable of modeling single or multiple dependent variables with different categorical independent variables. The outcome probabilities were modeled as a function of an input variable called a predictor variable. Logistic regression was used in the analysis of the electroencephalographic signals [40] - [42] .
III. RESULTS
A. QUESTIONAIRE BASED PRE EVALUATION
Based on the CGS (Comprehensive Scale for Assessing Game Behavior) 2010 questionnaire, ten out of 25 total participants were categorized as addicted. These results were evaluated on the basis of a 42 item self-reporting checklist, consisting of two parts, the adaptive game use scale (AGUS) and maladaptive game use scale (MGUS).
B. CROSS CORRELATION
Preprocessed signals from the occipital, frontal and parietal regions of each subject were cross-correlated. Crosscorrelation of the occipital region signal between groups (the addicted group and the non-addicted group) had the maximum correlation, clearly indicating that the signals generated by the same group of subjects have similar characteristics. Normalized cross-correlation was implemented and crosscorrelation plots of the subject with him or herself, with a subject from a different group, and with another subject from the same category are shown in Figure 2 . Figure 2(a) shows the plot when the signal was correlated with itself with zero lag time. Figure 2(b) shows an addicted subject's signal cross-correlated with another addicted subject's signal, and Figure 2 (c) shows an addicted subject's signal crosscorrelated with a non-addicted subject's signal.
Cross-correlation was used to check the similarity between the samples. Cross-correlation was obtained by plotting the cross-correlation coefficients against the time lag.
The peak in the cross-correlation function is an indication of the time lag between similar patterns in samples, and similarity is measured by the magnitude of the cross-correlation coefficient. If the function is correlated with itself, the peak in the resulting function of autocorrelation is maximal at zero time lag, with the value of the cross-correlation coefficient being either one or 100 percent. Figure 3 shows the cross-correlation plotted against the subjects. Figure 3(a) shows the cross correlation of subject 1 plotted against all 25 subjects. The cross-correlation value of subject 1 is maximal with the addicted subjects (i.e., from subject number 1 to 10), but the cross-correlation value is much lower with the non-addicted subjects (i.e., subject number 11 to 25). Similarly, in Figure 3(b) , the plot of a non-addicted subject that is cross-correlated across all the subjects, and this cross-correlation shows the opposite behavior compared to subject number 1. This plot has a high correlation value with non-addicted subjects (i.e., from subject number 11 to 25) compared to the addicted category (i.e., from subject number 1 to 10).
C. POWER SPECTRAL VALUE ANALYSIS
The spectral density of the data was calculated to identify the distribution of signal power in the frequency domain. Power spectral data were obtained by Fourier transform to separate the frequency components and their strength in the data. We observed that the power of addicted subjects in the occipital region was very high compared to non-addicted subjects. Although it was noted that across almost all the regions, the power of the addicted subjects was greater than the nonaddicted subject groups, but the difference was maximal in the occipital region.
A t-test was performed on the mean of the spectral data to verify the behavior of data at different frequency components. The results indicated that the p value was less than 0.002 in the alpha and theta frequencies from the occipital region (i.e., across the left and right occipital signal values), rejecting the null hypothesis.
The bar plot of the mean values of power spectral density of the O1 and O2 channels are shown in Figure 5 , and from this, it is very clear that the value of the alpha and theta frequencies of the addicted subjects were very high compared to nonaddicted subjects. The overall frequency values in almost all the bands were also higher in addicted subjects than in nonaddicted subjects.
In light of this analysis, we concentrated on and analyzed the alpha and theta frequencies of the occipital region further.
The PSD bar plots of alpha and theta frequency are summarized in Figure 6 . These plots show the mean and standard deviation superimposed. The trend that the plot depicts is that it is apparent that the starting 10 samples are showing a distinctive trend compared to the rest of the subjects.
The spread of the standard deviation is clearly greater for the addicted subjects. From these plots, it may be concluded that the mean of the O1 and O2 alpha and theta frequencies were unstable and showed more variation for addicted than for non-addicted subjects. The mean was not as variable in non-addicted subjects. The other sites also showed a similar pattern, but it was not distinctive enough indicate a difference in the addicted and non-addicted subjects, as in occipital region analysis.
Theta-beta ratio is ration between the average amplitude and power of theta frequency band over beta frequency band of EEG data. Theta beta ratio had been implemented as discriminating feature for brain dysfunction [43] - [45] . It was observed that Theta beta ratio was used as a discriminating feature in visual tasks as it is a ratio of two states i.e. theta represents relaxation, fatigue, drowsiness and beta is associated with the attention involved active thinking [46] , [47] . We observed the theta beta ratio of addicted subjects was high as compared to non-addicted subjects as shown in figure 7.
D. LOGISTIC REGRESSION MODELING
The mean of the power spectral density of the frequency channels from the occipital region were modeled as a discriminating factor between both groups of subjects. Training and test analyses were carried out to confirm the performance of the model.
Three different models were built for each of the left and right occipital data points, including alpha, theta, and combined alpha-theta frequencies. From the modeling results, it was observed that the alpha frequency was redundant and can therefore be ignored for the final conclusive decision regarding the diagnostics of mobile game addiction. Figure 8 shows the logistic regression plotted on the PSD mean data from alpha frequency across the left and right occipital electrodes against the probability of the subject groups, either the addicted or non-addicted category. Figure 9 shows a similar plot of the PSD mean plotted against the probability based on the theta frequency components across both the left and right occipital channels. The modeling results revealed that p < 0.05 for theta frequencies of both O1 and O2 but p > 0.05 for alpha frequencies of O1 and O2, so it can be ignored.
Tables 1 shows the overall results from the testing of six models. Fifteen subjects' data were trained, 5 from the VOLUME 5, 2017 FIGURE 9. Logistic Regression of the PSD mean of the θ frequency from O1 and O2.
TABLE 1.
Compiled results of prediction accuracy of average value of six models of the PSD mean of the alpha and theta frequencies from O1&O2.
addicted category and 10 from the non-addicted category, which were then tested against the 10 subjects to test the diagnostic accuracy of the suggested model. Figure 10 shows the test results of all 25 subjects. Figure 10(a) shows the plot of the subjects versus the detection percentage. It is clear that the alpha frequency results do not correspond to the theta frequency or the combined alpha and theta frequencies accurately.
The theta parameters and combined models of alpha and theta give better output. This phenomenon is repeated again in the modeling of the behavior of non-addicted subjects. From Figure 10 (c) and (d) it is clear that the alpha frequency has more spread and the theta parameter is a better estimate. 
TABLE 2.
Detection rate results of all six models of the PSD mean of the α and θ frequencies from O1 and O2. Figure 11 shows the same parameters for O2 at the right occipital region. Each subject had 105 samples, so a total of approximately 1575 samples were used to model the input of all the data. For testing, data from 10 addicted and 15 non-addicted subjects were used. The results showed that 89.6% detection accuracy was achieved using the theta frequency as a modeling parameter for addicted subjects, and 88% detection accuracy rate was achieved for non-addicted subjects ( Table 2 ).
All the results from the regression analyses ultimately led to the conclusion that the theta frequency of the occipital region was the best option for detecting the game addicts using electroencephalographic data.
IV. DISCUSSION
The aim of this study was to assess the feasibility of a mobile game addiction system based on discriminating parameter selection. Game addiction is an important issue that needs to be addressed as it can cause adverse effects with growing technology use. The current proliferation of technology is helping to pave the path to new paradigms and enjoyment levels. The attractions of technology and game addictions are now easy to access, and people need to remain informed about the possibility of becoming addicted to games. In addition to these potential adverse effects of technology use, there are some positive aspects as well. This research study may help in accurately detecting addiction not only for games but also by analyzing the frequency components in further detail, and other cognitive and behavioral issues may be monitored and used for multiple purposes. This application may then be used to implement these data in smart gadgets for self-monitoring to reduce health risks and optimize better health conditions. There are a growing number of mobile applications for smart phones and smart gadgets for personal healthcare monitoring systems that utilize various technologies, including medical sensors and communication systems [48] ; mobile patient monitoring systems [49] ; wearable physiological sensors for stress [50] , automatic performance status and activity recognition in cancer patients [51] ; and telemedicine services [52] . These all are based on the smart use of biosensors and their incorporation via wireless connections and real time analysis of variables, providing output and feedback that can be used via a smart phone application or interface. Self-assessment tools are being developed and used, either as a device or application on smart gadgets and devices. A framework is suggested that uses commercial electrodes to obtain EEG data along with a smart phone application to evaluate the addiction level from data received via Bluetooth.
This study is one of a kind as it explored the diagnostic capacity of EEG data for mobile game addition, modeled the diagnosis, and suggested a system design to use this information for practically warning the user about potential addiction.
The preliminary step was a questionnaire-based assessment based on the CSG Manual 2010. The 42-item checklist was based on two parts. The first part was the adaptive game use scale and the second was the maladaptive game use scale. The information received from these results was then used for pre-categorization of problematic and normal game users among all subjects.
To correlate the diagnosis of game addiction with the EEG signals collected from participating subjects during game playing, analysis started by implementing crosscorrelation in the time domain. This showed distinctive behavior of subjects' signals between groups but similarity within groups in the occipital region. The behavior of subjects within groups and between groups is shown in the form of plots in Figures 2, 3 and 4 .
After the cross-correlation, data were analyzed, and the frequency domain and behavior of the power spectral data was observed. First, the total power of the data across all the regions was depicted, and an overall higher trend of power was observed in addicted subjects' data. However, in the occipital region, the power of the signal was maximal, and its difference between the two categories was also maximal.
The mean of the PSD data was plotted and showed that the alpha and theta frequencies had the highest mean values and the difference in the mean between the two categories, i.e. addicted and non-addicted, was maximal. To confirm the validity of these results, the t-test was applied, and the mean values of the spectral density signal of addicted and nonaddicted subjects were compared. There was a significant difference in the scores for the alpha and theta frequencies from the occipital region (p < 0.002). The p values from the alpha and theta frequencies were 0.0022 and 0.0020 for the left occipital and 0.0012 and 9.7519e-04 for the right occipital region, respectively.
All the tests revealed that the occipital region and the alpha and delta frequencies of the occipital area can provide distinguishing characteristics to differentiate mobile game addicts from non-addicts.
Logistic regression modeling is used for biomedical processes because more than one dependent variable can be used; variables can be dichotomous, ordinal or continuous; and quantified values can be obtained to measure the strength of association adjusted according to the other variables. For this study, a binary response variable was used for modeling the two categories of addicted and non-addicted subject groups. In the light of this, logistic regression modeling was performed on data, and results showed that the theta frequency of the occipital region from O1 and O2 can be implemented as decision criteria for game-addicted subjects.
DESIGN LAYOUT
There are two main phases in the wearable mobile game addiction design for diagnosis, which are independent of any human intrusion in the system. The first block consists of electrodes to record EEG information, the position of the electrode, a high precision analog-to-digital converter, a protocol to packetize the digital data and a wireless communication module that can communicate with a personal computer and a smart device for further processing of the EEG signal.
A system is suggested in Figure 12 that can utilize commercial EEG sensors such as EMOTIV [53] and NEU-ROSKY [54] , but in this case, a design similar to EMOTIV would be preferred due to the multiple electrodes and software development kit (SDK) provided, which may be more flexible for developing an application for the diagnosis of gaming addiction. One more reason to prefer EMOTIV is that NEUROSKY is used for accessing the frontal signal but given results indicate that the occipital region is more important for diagnosis of gaming addiction. The position of the electrode is important to acquire the signal from the particular part of the brain used for a particular task and analysis. By using extensive experiments and detailed analysis of EEG signals, the alpha and theta waves of the occipital region of the brain were identified as useful for the diagnosis of mobile game addiction among the subjects.
Communication of the wearable sensor to the computing platform could be accomplished using a Bluetooth interface. An uninterrupted EEG signal can be transferred from the sensor to the computing platform without affecting the game player using the smart device.
The proposed study design may be used for the personal assistance of the subject or can be used by any specialist to suggest better rehabilitation. An application will perform all the processing and diagnostic analysis of the EEG signal on a smart device or computer. Basic signal processing, such as artefact removal, bandpass filtering to remove electrical signals, and extraction of the valid data from the received signal, will be performed on the EEG signal to obtain the actual brain signal generated by neurons. In this suggested design, there are two possible tracks to perform the diagnosis, which include cross-correlation of the electrode-filtered signal or feature extraction of the alpha and theta frequencies from the occipital region.
Cross-correlation is carried out between the two signals by providing an addicted signal in the database of the application as a reference signal to be used by other users. The results of the cross-correlation of the signals will be fed directly to the main decision block of the system. The second track for the diagnosis utilizes the features of the alpha and theta waves from the occipital signal. Thresholds for the addicted and non-addicted subjects can be supplied from the database to compare the results, and a decision can be made through input to the main decision block. In addition to these, an addicted and non-addicted model is present to compare the different features of the alpha and theta frequencies. The final results will be displayed in terms of the percentage of the addiction level (i.e., low-, medium-or high-risk states). As a last step, the user may contribute to the society by allowing the unprocessed EEG signal to be used for further analysis and updating the data directory in the cloud from different regions around the globe.
V. CONCLUSION
The aim of this study was to assess the feasibility of a mobile game addiction system based on discriminating parameter selection. A final point that merits consideration is the methodology adopted in this study, the statistical techniques applied on data, and the suggested design of mobile application. Cross correlation implemented in this study can identify the individual subject's state of being addicted or non-addicted as well as the difference between two groups. Frequency and time domain analysis has been implemented in this study to find the addiction correlates. From time domain analysis, the occipital region highlighted the differences for addicted and non-addicted categories whereas from frequency domain analysis of spectral data from occipital region, the alpha and theta frequencies were clearly distinctive among the both groups.
On the basis of above conclusions, a binary logistic regression model was used to estimate the probability of addicted and non-addicted subjects based on the PSD mean of the alpha and theta frequencies from occipital region as a predictor variable. Additionally, a design is proposed to use and implement these results for developing a device/application to detect game addiction. For further application this may be used by getting data from commercially available headsets and by installing an application in our smart devices, may help in personal assistance and coaching. There is a tempting world full of addictive diversions in the form of various games, easily accessible by everyone. So there is now real need of quantitative monitoring of increasing tendencies to such addictions.
Moreover, research under variable conditions for quantitative distinction between addicted and non-addicted subjects can be extended to understand the nature of flow which may be applied for individuals, who need to enhance the cognitive ability to focus.
